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ABSTRACT

In response to the increasingly prominent nonlinear effects in power communication transmission networks, 
which severely limit transmission distance and capacity, the author proposes a multi-level and scalable nonlinear 
optimization method system. This system covers path selection, optical amplifier configuration, nonlinear 
equalization, and intelligent scheduling. Based on the collaborative simulation platform of MATLAB and 
OptiSystem, typical fiber optic models such as G.652 were selected to construct multiple network topologies 
and channel conditions. The system tested the improvement effect of the proposed method in terms of bit error 
rate (BER), throughput, and resource utilization. The experiment shows that the author’s method reduces the BER 
to 2.3 × 10−5 at a distance of 600 km and increases the transmission distance to 990 km (an increase of 219.4% 
compared to no compensation); in a multi-node network, the average throughput is increased by about 40%, and 
the resource utilization rate reaches 82.3%. Among the intelligent algorithms compared, reinforcement learning 
achieved the best overall results in terms of convergence speed, BER suppression, and dynamic adaptability. 
Research has shown that this method has good engineering practicality and promotional value.
Index Terms—Multi-node simulation, nonlinear effects, power communication network, precompensation, 
reinforcement learning

I. INTRODUCTION

With the acceleration of the intelligentization and digitization process of the power system, the 
power communication network, as the “nerve center” supporting the safe and stable operation 
of the power grid, has increasingly highlighted its high reliability and large capacity transmission 
needs [1]. The modern power communication system has been fully upgraded to a high-speed 
fiber optic network, which carries key services such as power grid scheduling and distribution 
monitoring. This is particularly critical in backbone fiber optic links spanning millions of kilo-
meters, where the dynamic and bursty nature of traffic poses significant challenges to network 
real-time performance and stability [2]. At the same time, nonlinear effects such as self phase 
modulation (SPM), cross phase modulation (XPM), and four-wave mixing (FWM) caused by long-
distance and high-power transmission lead to signal distortion and increased bit error rates 
(BERs), severely restricting system performance [3]. Therefore, building a transmission network 
optimization mechanism for nonlinear effects has become a core technical challenge to ensure 
the reliability of power communication.

In existing research, nonlinear compensation and resource scheduling strategies have made sig-
nificant progress. Djomadji et al. improved the Cost 231 Hata propagation model through a mag-
netic optimization algorithm, significantly enhancing the wireless channel performance in the 
1800 MHz frequency band and providing new ideas for physical layer parameter optimization. 
However, their research did not involve the complexity of fiber nonlinear modeling [4]. Babak 
et  al. focused on the application of inverters in power transmission and distribution systems, 
enhancing the stability of high penetration inverter resources through device-level optimiza-
tion. However, this work is limited to power equipment control and has not solved the nonlin-
ear accumulation problem in the optical transmission layer [5]. Furthermore, Ma et al. explored 

WHAT IS ALREADY KNOWN ON THIS 
TOPIC?

Existing research on power communication 
transmission network optimization has primarily 
focused on two main approaches:
•	 Component-level improvements, such as 

optimizing inverter control for grid stability 
or enhancing individual device performance, 
which often overlook the complex nonlinear 
interactions in the optical transmission layer 
[5, 6]. 

•	 Channel and system-level optimizations under 
simplified linear or ideal-channel assumptions, 
including capacity analysis of MIMO systems 
or propagation model enhancements, which 
fail to account for the significant signal 
degradation caused by nonlinear physical 
effects like Self-Phase Modulation (SPM), Cross-
Phase Modulation (XPM), and Four-Wave 
Mixing (FWM) prevalent in long-haul, high-
capacity fiber-optic links [4, 6, 7]. Furthermore, 
traditional network optimization strategies, 
such as those employing genetic or ant 
colony algorithms, are often based on linear 
cost functions, making them inadequate for 
accurately modeling and mitigating nonlinear 
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the channel capacity and power allocation mechanism of MIMO visible light communication 
systems, achieving spectral efficiency improvement in a multi-input multi-output architecture. 
However, their model assumes an ideal linear channel and does not cover the effects of fiber SPM, 
XPM, and other factors [6]. S. Basic research on optical communication systems was conducted 
with F, and the correlation between modulation formats and transmission distances was verified. 
However, collaborative optimization design for dynamic business loads and nonlinear interfer-
ence in power communication scenarios was lacking [7]. Although the above achievements have 
promoted technological progress in their respective fields, they are difficult to directly adapt to 
the high reliability, low latency, and strong nonlinear environmental requirements of power com-
munication networks due to model simplification or scenario limitations.

Based on current research, there are still three bottlenecks in the optimization of power com-
munication transmission networks: firstly, most models ignore the coupling relationship 
between nonlinear physical effects and network topology, and the signal degradation caused 
by unquantified dispersion, FWM, and other effects in path selection and resource allocation 
strategies; secondly, the existing optical amplifier configuration and modulation mechanism 
lack a joint optimization framework, which cannot balance spectral efficiency and nonlinear 
energy loss; thirdly, intelligent scheduling algorithms rely heavily on static parameters, mak-
ing it difficult to dynamically respond to power business peak surges and link state fluctua-
tions, and there is insufficient coordination between physical layer compensation technology 
and network layer strategies [8, 9]. For example, although traditional genetic algorithms (GAs) 
and ant colony optimization (ACO) perform well in network routing, their simplified assump-
tions of nonlinear cost functions are difficult to accurately reflect actual transmission damage, 
resulting in limited error suppression effects in high-power scenarios [10, 11]. In addition, com-
pensation techniques such as digital backpropagation have high computational complexity 
and are difficult to meet the real-time requirements of power communication, while emerging 
machine learning compensators have not yet formed a closed-loop optimization with dynamic 
resource scheduling.

In response to the above challenges, the author proposes a nonlinear effect collaborative sup-
pression framework that integrates physical layer modeling, system layer optimization, and intel-
ligent scheduling. At the physical layer, a nonlinear equalizer and predistortion algorithm based 
on Volterra series was designed, and combined Gaussian noise model to quantify the sensitivity 
of modulation format to SPM/XPM; at the system level, an improved K-shortest path algorithm is 
constructed, which introduces a link cost function with nonlinear penalty factors and combines 
optical amplifier gain and modulation mechanism to achieve cross-layer parameter matching; 
at the scheduling layer, reinforcement learning (RL) is used to dynamically optimize routing and 
power allocation, and the strategy is adaptively adjusted through a throughput delay nonlinear 
interference weighted reward function [12, 13]. A multi-topology simulation platform based on 
MATLAB and OptiSystem is built, covering ring, star, and grid structures, in order to systematically 
verify the performance of single link error suppression, multi-node throughput, and resource 
utilization [14]. This plan breaks through the limitations of traditional linear assumptions and 
provides theoretical and technical support for the engineering deployment of intelligent power 
communication networks.

Unlike the aforementioned studies which often focus on isolated aspects (e.g., device control, 
ideal channels, or static routing), the proposed method fundamentally differs by introducing a 
holistic, cross-layer optimization framework. This framework explicitly addresses the coupling 
between nonlinear physical effects and network topology, integrates physical layer compen-
sation with network layer adaptive scheduling, and employs intelligent algorithms capable of 
dynamic response to network state fluctuations, thereby tackling the identified bottlenecks 
directly.

II. OPTIMIZATION METHOD FOR POWER COMMUNICATION NETWORK BASED ON 
NONLINEAR MODEL

A. Network Structure Optimization Design

1) Optimization of Node and Path Selection Algorithm:
The author proposes an improved node and path selection algorithm to address the nonlinear 
effects in power communication networks. This algorithm fully considers the nonlinear effects in 

impairments [10, 11]. While digital nonlinear 
compensators exist, their high computational 
complexity hinders real-time application in 
dynamic power communication scenarios [8]. 
Overall, prior art is characterized by isolated 
optimizations—either at the physical, device, 
or network layer—and a lack of a holistic 
framework that integrates nonlinear physical 
modeling with adaptive, cross-layer network 
resource management tailored for the high-
reliability, low-latency demands of smart grids. 

WHAT THIS STUDY ADDS TO THIS 
TOPIC?

This study introduces a novel, integrated cross-
layer optimization framework specifically 
designed to address the coupling between 
nonlinear physical effects and network perfor-
mance in power communication transmission 
networks. Its key contributions are: 
•	 A Holistic Optimization System: It moves 

beyond isolated improvements by proposing 
a synergistic method that combines 
physical-layer nonlinear compensation 
(using a Volterra-series-based equalizer 
and pre-distortion), system-level parameter 
matching (joint optimization of optical 
amplifier configuration and modulation 
formats based on nonlinear tolerance), 
and intelligent, network-layer adaptive 
scheduling (employing Reinforcement 
Learning for dynamic routing and resource 
allocation).

•	 Quantifiable Performance Gains in 
Realistic Scenarios: Through co-simulation 
on platforms like MATLAB and OptiSystem, 
the framework demonstrates substantial, 
quantifiable improvements. It achieves a 
bit error rate (BER) reduction to 2.3×10−⁵ 
at 600 km, extends the maximum 
effective transmission distance by 219.4% 
compared to uncompensated systems, 
and increases multi-node network 
throughput by approximately 40% with 
resource utilization reaching 82.3%.

•	 Validation of Intelligent Algorithm 
Superiority: The study provides a compar-
ative analysis of optimization algorithms 
(ACO, GA, RL) within this nonlinear con-
text, demonstrating that Reinforcement 
Learning offers the best overall perfor-
mance in terms of convergence speed, BER 
suppression, and adaptability to dynamic 
network states, thereby offering a clear 
pathway for practical implementation in 
complex, fluctuating grid environments. 
In summary, this work bridges a critical 
gap by providing a practical, system-wide 
strategy that directly tackles the nonlinear 
bottlenecks limiting current power com-
munication networks, offering significant 
enhancements in capacity, reach, and 
resilience essential for next-generation 
smart grid infrastructure.
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optical fibers, including dispersion effects, SPM, XPM, and FWM. By 
comprehensively weighing the effects of various effects, it achieves 
the optimization of network transmission performance [15].

Traditional path selection algorithms are usually based on the 
shortest path or minimum cost criteria, such as Dijkstra’s algorithm, 
Bellman-Ford algorithm, etc., but these algorithms have significant 
limitations when considering nonlinear effects. In order to overcome 
this problem, a link cost model considering nonlinear effects was 
first established, as shown in formula (1):

C L P L PP L
i

n

i

i

n

j i

n

i jlink eff eff penFWM� � � � � � � � � �
� � �
� ��� � � �

1

2

1

} } aalty 	 (1)

In this model, Clink: Link cost (unitless); L: Physical length of the link 
(km); Pi: Signal power of the i-th wavelength channel (W or mW; 
ensure consistency, often W in formulas like this, but check context); 
Leff: Effective transmission length (km) ($L_{eff}$ was used elsewhere, 
ensure subscript “eff” is consistent); FWMpenalty: Penalty factor due to 
FWM (unitless); α: Weight coefficient (1/km) (Note: This α is different 
from the fiber attenuation coefficient α also used in the paper—con-
sider using different symbols if necessary or clarify context); β, γ, δ: 
Weight coefficients (units should be defined based on the terms they 
multiply, e.g., β: 1/(W²·km), γ: 1/(W²·km), δ: unitless)

The effective transmission length Leff can be calculated by the follow-
ing formula (2):

L
1 e

eff

L

�
� ��

�
	 (2)

Where α is the attenuation coefficient of the optical fiber. This model 
combines the physical properties of the link with the impact of 

nonlinear effects to make the path selection more consistent with 
the actual transmission characteristics [16, 17].

Based on the above cost model, an improved K-shortest path algo-
rithm was designed. The algorithm first uses the traditional Yen algo-
rithm to calculate K candidate shortest paths, and then calculates the 
actual cost of each path based on a nonlinear effects model, ultimately 
selecting the path with the lowest total cost [18]. The algorithm pro-
cess is as follows, and the pseudocode is shown in Fig. 1:

1.	 Use the Yen algorithm to calculate the set of K-shortest paths in 
the network, P = {p₁, p₂, ..., pₖ}

2.	 For each path pᵢ, calculate the actual cost C (pᵢ) considering non-
linear effects

3.	 Sort the path set P according to the cost size
4.	 Choose the path with the lowest cost as the optimal path

2) Matching of Optical Amplifier and Modulation Mechanism:
The traditional deployment strategy for optical amplifiers mainly con-
siders power budget and link length, ignoring the interaction between 
nonlinear effects and modulation methods. In response to this issue, 
the author proposes an optimization method for matching optical 
amplifiers and modulation mechanisms based on nonlinear tolerance 
[19, 20]. This method first analyzes the sensitivity of different modula-
tion formats to nonlinear effects, and then optimizes the configuration 
parameters and deployment positions of the optical amplifier based 
on link characteristics and modulation methods, as shown in Fig. 2.

In order to accurately evaluate the nonlinear tolerance of different 
modulation formats, a nonlinear transmission equation based on a 
Gaussian noise model was established, as shown in formula (3):

SNR
P

PASE
2

NL
2�

� � �� �
	 (3)

Fig. 1.  Pseudocode of node and path selection algorithm.
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Among them, P is the signal power, ˆ ASE
2  is the variance of amplified 

spontaneous emission noise, ˆ PNL
2 � � is the variance of nonlinear 

noise, and the latter is a function of signal power. The variance of 
nonlinear noise can be further expressed as formula (4):

� �NL
2 3

spanP P N� � � � � 	 (4)

Here, η is the nonlinear interference coefficient, which is related to 
the fiber characteristics and modulation format, and Nspan is the num-
ber of amplified spans.

Based on the above model, the performance of different modula-
tion formats (such as OOK, QPSK, 8QAM, 16QAM, etc.) in nonlinear 
environments was analyzed [21, 22]. The research results indicate 
that although high-order modulation formats can improve spectral 
efficiency, they are also more sensitive to nonlinear effects.

Based on this analysis, a joint optimization strategy for adaptive 
modulation format and optical amplifier parameters is proposed. 
This strategy first determines the basic modulation format based on 
the link length and service quality requirements, and then optimizes 
the gain and position of the optical amplifier to maximize the trans-
mission capacity of the system while meeting the error rate require-
ments [23, 24]. Specifically, for a given link, the relationship between 
signal-to-noise ratio (SNR) and optical amplifier configuration can be 
expressed as formula (5):

SNR
P G

G P G L
in

ASE
2

in
3

eff

�
�
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	 (5)

Among them, Pin is the input power, and G is the amplifier gain.

Based on this model, an iterative optimization algorithm was 
designed to automatically adjust the amplifier gain, input power, 
and amplifier spacing while ensuring that the SNR meets the require-
ments. The objective function of the algorithm is formula (6):

max
R N L

P
P G L

span span

i 1

N

amp i

in span span, ,

,

� �

��
	 (6)

Here R is the bit rate, Nspan is the number of amplification spans, Lspan 
is the span length, and Pamp,i is the power consumption of the i-th 
amplifier.

B. Nonlinear Suppression and Scheduling Algorithm

1) Nonlinear Equalizer Design:
In high-speed fiber optic communication systems, nonlinear effects 
mainly include SPM, XPM, FWM, etc. These effects cause signal distor-
tion and severely limit the transmission distance and capacity of the 
system [25]. In order to suppress these nonlinear effects, nonlinear 
equalizers (NLE), as an effective signal processing technique, have 
important application value in power communication transmission 
networks [26]. Based on the characteristics of power communication 

Fig. 2.  Optimization framework for matching optical amplifier and modulation mechanism based on nonlinear tolerance.
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networks, the author designed a nonlinear equalizer based on 
Volterra series, which can effectively suppress nonlinear effects in 
fiber optic transmission and improve system performance.

Volterra series is a classical mathematical tool for describing nonlin-
ear systems, which can represent the input-output relationship of 
any continuous nonlinear system. In the discrete time domain, the 
nonlinear equalizer based on Volterra series can be expressed as for-
mula (7):

y n h k , ,k x n k
p 1

P

k 0

N 1

k 0

N 1

p 1 p
j 1

p

j
1 p

� � � � � �� �
� �

�

�

�

�� � � �  	 (7)

Among them, y (n) is the output of the equalizer, x (n) is the input 
signal, hp (k1, …, kp) is the p-order Volterra kernel, P is the highest 
order considered, and N is the memory length in each dimension. 
In practical applications, considering the computational complexity, 
usually only the third-order term is retained. In this case, the equal-
izer can be simplified to formula (8):

y n h k x n k

h k ,k x n k x n
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k 0

N 1
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2 1 2 1
1 2
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�

�

�

�

�

�

�
� � ��� �k2 	 (8)

The optimization of the kernel coefficient hp is crucial for nonlinear 
equalizers in power communication networks. The author uses the 
minimum mean square error criterion to optimize the kernel coef-
ficients, with the objective function being formula (9):

J h E d n y n 2� � � � � � � ��� ��| | 	 (9)

Among them, d(n) is the expected signal, y(n) is the equalizer out-
put, and E[.] represents the mathematical expectation. By using the 
stochastic gradient descent algorithm, the kernel coefficients can be 
iteratively updated to minimize the objective function, as shown in 
formula (10):

h h ablaJ hi 1 i i�� � � � � �� � � �� 	 (10)

Among them, μ is the learning rate, and ∇J(h) is the gradient of the 
objective function with respect to the kernel coefficients.

2) Adaptive Modulation Optimization:
The author proposes an adaptive modulation scheme based on 
Channel State Information, as shown in Fig. 3. This scheme first 
estimates the current channel state through pilot signals, includ-
ing parameters such as SNR and degree of nonlinear distortion 

[27]; then, based on the estimated channel state, optimizes the 
selection of modulation order and coding rate to maximize system 
throughput while ensuring that the BER does not exceed the preset 
threshold.

For M-order QAM modulation, in nonlinear channels, the BER can be 
approximately expressed as formula (11):

BER
4

log M
1

1
M

Q
3log M

M 1
SNR

1 K P2

2 eff

NL
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�

�
� �

�
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�

�
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�

�
�� 	 (11)

Among them, SNReff is the effective SNR, P is the signal power, KNL is 
the coefficient that characterizes the strength of nonlinearity, and 
Q(.) is the Q function. Unlike traditional linear channels, the effec-
tive SNR in nonlinear channels is not only proportional to signal 
power but also constrained by nonlinear effects [28]. When the sig-
nal power increases to a certain extent, nonlinear effects can lead 
to a decrease in the effective SNR, forming a so-called “nonlinear 
threshold.”

Based on the above analysis, the author designed an adaptive mod-
ulation algorithm that combines power and modulation order opti-
mization. The objective function of this algorithm can be expressed 
as formula (12):

max log M 1 PER RP M 2 c, �� � �� � � 	 (12)

Among them, η is spectral efficiency, M is modulation order, PER 
is packet error rate, and Rc is coding rate. The optimization process 
needs to satisfy the following constraint condition as formula (13):

PER PER P P P M , , ,target min max� � � �� �4 16 64 256 	 (13)

Among them, PERtarget is the target grouping error rate, Pmin and 
Pmax are the minimum and maximum allowed transmission power, 
respectively.

In order to address the nonlinear effects in power communication 
networks, the author introduced nonlinear predistortion technol-
ogy on the basis of traditional adaptive modulation. By preprocess-
ing the signal at the transmitting end, nonlinear distortions that 
may occur during transmission can be eliminated, thereby improv-
ing system performance [29, 30]. The predistortion function can be 
expressed as formula (14):

x t x t x t x tpd � � � � � � � � � � � � � ��
�

�
�1 2 4� �| | 	 (14)

Fig. 3.  Adaptive modulation optimization system architecture based on nonlinear model.
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Among them, x(t) is the original signal, xpd(t) is the predistorted sig-
nal, and α and β are the predistortion coefficients, which can be opti-
mized in real time through backpropagation algorithm.

C. Application of Intelligent Algorithms in Communication 
Optimization

1) Genetic Algorithm Optimization for Nonlinear Routing:
When optimizing nonlinear routing problems using GAs, it is first nec-
essary to construct an appropriate mathematical model. Consider a 
power communication network with N nodes, which can be repre-
sented as graph G = (V, E), where V represents the set of nodes and E 
represents the set of links. For any link (i, j) ∈ E, its nonlinear transmis-
sion model can be expressed as formula (15):

P i,j P i,j L 10log 1 P i,j Lout in ij ij 10 in
2

ij
2� � � � � � � � � �� �� � 	 (15)

Among them, Pout (i, j) and Pin (i, j) respectively represent the output 
and input power (dBm) of link (i, j), αij represents the linear attenua-
tion coefficient of link (dB/km), Lij represents the length of link (km), 
and γ represents the nonlinear coefficient, reflecting the strength of 
nonlinear effects [31, 32].

Based on the above model, the objective function of routing optimi-
zation can be defined as formula (16):

minf x w x » P P i,j x
i,j E

ij ij
i,j E

th out ij� � � � � � �� �
� �� � ��

�� � 	 (16)

Among them, xij is the decision variable, which is 1 when link (i, j) 
is selected and 0 otherwise; wij is the weight of link (i, j), usually 
related to link delay or cost; Pth is the signal power threshold; λ is 
a penalty factor used to balance routing performance and signal 
quality.

Fig. 4.  Genetic algorithm optimization of nonlinear routing process in power communication network.
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The specific steps of optimizing nonlinear routing using GA are 
shown in Fig. 4.

2) Ant Colony Optimization Optimizes Channel Allocation:
When optimizing channel allocation using ACO, it is necessary to 
first establish an appropriate mathematical model. For a power com-
munication network with M nodes and K available channels, the 
channel allocation problem can be represented as determining an 
allocation matrix X, where when node i is allocated to channel j, xij 

= 1; Otherwise, xij = 0. Considering the influence of nonlinear effects, 
especially FWM effects, the following power loss model formula (17) 
can be established:

P
PPP

9
1 e
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�
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�
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�
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��
�

�

�

�
�

�
��L 	 (17)

Among them, PFWM represents the interference power generated by 
FWM, η is the FWM efficiency coefficient, Pi, Pj, and Pk are the pow-
ers of the three channels involved in the FWM process, α is the fiber 
attenuation coefficient, L is the fiber length, Δβ is the phase mis-
match factor, which is related to the channel spacing and fiber dis-
persion characteristics [33, 34].

Based on the above model, the optimization objective of channel 
allocation can be defined as minimizing the total interference power 
in the network formula (18):

minf X I x x
m 1

M

n 1

K

ijmn ij mn� � � � �
� �� � 	 (18)

Among them, Iijmn represents the interference power generated 
when node i uses channel j and node m uses channel n, including 
linear interference and nonlinear interference.

The specific steps for optimizing channel allocation using ACO are 
as follows:

Firstly, define the graph theory representation of the problem. 
Transform the channel allocation problem into the problem of ants 
searching for paths on a graph. Construct a bipartite graph G = (V1 ∪ 
V2, E), where V1 represents the set of nodes, V2 represents the set of 
channels, and E represents possible allocation relationships. When 
node i can allocate channel j, there exists an edge (i, j) ∈ E.

Secondly, initialize the pheromone matrix. For each edge (i, j), initial-
ize its pheromone concentration τ to a small positive number τ 0.

Thirdly, construct solutions for ants. Each ant k selects a channel for 
each node through a probabilistic decision-making mechanism [35, 
36]. The probability calculation of node i selecting channel j is shown 
in formula (19):

pij
k ij ij

l J
il il

i

�
�� �� � �� ��

�� �� ��� ����
� �

� �

� �

� � 	 (19)

Among them, Ji represents the set of available channels for node i, 
τij  represents the concentration of pheromones, ηij  represents heu-
ristic information, and α and β are the importance parameters of 
pheromones and heuristic information, respectively [37]. Heuristic 

information is usually defined based on channel interference, as 
shown in formula (20):

�ij

m,n S
ijmn

1

1 I
k

�
�

� ���
	 (20)

Among them, Sk represents the node channel allocation set that ant 
k has already determined.

Fourth, update pheromones. After all ants have completed a com-
plete solution construction, update the pheromone based on the 
quality of the solution. The rule for updating pheromones is as 
follows:

� � � �ij ij ijt 1 1 t�� � � �� � � � � � �

Among them, ρ ∈ (0,1) is the pheromone evaporation coefficient, 
and ��ij  is the pheromone increment. According to the elite ACO 
strategy, only ants that construct the optimal solution can leave 
pheromones, as shown in formula (21):

��ij
*

Q
f X

If edge i j belongs to the optimal solution X*

0 Else

� � � � �, ,

,

��

�
�

�
�

	 (21)

Among them, Q is a constant parameter, and f (X) is the objective 
function value of the current optimal solution.

Fifth, iteratively solve until the termination condition is met. Typical 
termination conditions include reaching the maximum number 
of iterations or achieving the optimal solution without significant 
improvement after several consecutive iterations.

3) Dynamic Scheduling Strategy for Reinforcement Learning:
The demand for power communication network services and the 
dynamic changes in network status are significant, and traditional 
static optimization methods are difficult to adapt to. Reinforcement 
learning, as an intelligent method based on environmental interac-
tion and continuous optimization strategy, provides new ideas for 
dynamic scheduling of power communication networks, especially 
suitable for systems considering nonlinear effects [38].

The dynamically changing network environment requires the sched-
uling system to be able to respond in real time to changes in network 
status and flexibly adjust resource allocation strategies, as shown in 
formula (22).

� � ��

�
*

t 0

t
t t t 1argmax R s ,a ,s� � ��

��
�
���

�� | 	 (22)

Among them, γ ∈ [0,1] is the discount factor, reflecting the impor-
tance of future rewards.

Considering the impact of nonlinear effects on the performance 
of power communication networks, the reward function can be 
designed as a weighted combination of throughput, delay, and sig-
nal quality, as shown in formula (23):

R s,a,s w Throughput s w Delay s w NLI s1 2 3� � � �� � � � � � � � � � � � � � 	 (23)
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Among them, Throughput (s’) represents the network throughput in 
the new state, Delay (s’) represents the average transmission delay, 
NLI (s’) represents the degree of nonlinear interference, and w1, w2, 
and w3 are weight coefficients used to balance the importance of 
different performance indicators.

In practical applications, Deep Q-Network (DQN) is a widely used 
deep RL method. The DQN approximates the action value function Q 
(s, a) through neural networks, representing the long-term expected 
return of performing action a in state s. The update of the Q function 
follows the Bellman equation, as shown in formula (24):

Q s,a s,a r max Q s ,a Q s,aa� �� � �� � � � � � ��� ��� ��� � 	 (24)

Among them, α is the learning rate, r is the immediate reward, and 
s′ is the next state. The DQN solves the instability problem of tradi-
tional Q-learning when dealing with high-dimensional state spaces 
through experience replay and target network technology [39].

III. SIMULATION EXPERIMENT AND RESULT ANALYSIS

A. Simulation Environment and Parameter Configuration
In order to achieve accurate modeling and optimization of non-
linear effects in power communication networks, the author used 
MATLAB R2022b and OptiSystem 19.0 to jointly construct a simula-
tion platform. MATLAB is mainly used for the design and simulation 
of nonlinear compensation algorithms (such as precompensation 
and adaptive compensation), with powerful matrix calculation, sig-
nal processing, and visualization capabilities. Its communication 
and signal processing toolbox supports modeling and compensa-
tion implementation of nonlinear effects such as SPM, XPM, FWM, 
etc. [40].

OptiSystem is used to build system level optical communication 
transmission links, providing full process modeling capabilities from 
the transmitter to the receiver. Through component-based model-
ing, the simulation system includes signal sources, modulators, 
optical fibers, amplifiers, receivers, and analysis tools, which can 
accurately evaluate the impact of nonlinearity on performance. The 
platform collaboration method is as follows : generating and pro-
cessing signals in MATLAB → importing them into OptiSystem for 

system transmission simulation across transmission links and provid-
ing full process modeling, capability analysis, and optimization. This 
closed-loop simulation structure balances flexibility and accuracy.

In order to ensure the engineering feasibility of the simulation, the 
author selected three typical types of optical fibers: SSMF, NZDSF, 
and LEAF, representing traditional, high dispersion management, 
and large effective area types, respectively, with significant differ-
ences in nonlinear and dispersion characteristics. The parameter set-
tings are shown in Table I.

The range of fiber length setting is 50–500 km, covering the urban 
distribution network to the interprovincial backbone network. Let 
the average value of polarization mode dispersion be 0.15 ps/srovi 
reflecting the characteristics of power communication systems in 
complex environments. In the simulation, the “Single Mode Fiber” 
module in OptiSystem is used, and the NLSE is solved using the SSFM 
method with a step size of 0.1% of the total length to ensure the 
accuracy of nonlinear effects.

The author uses NRZ-DPSK, PM-QPSK, and PM-16QAM modulation 
methods to represent 10G, 100G, and 200G power communication 
systems, covering various generations of technologies from tra-
ditional to new systems. In order to simulate the nonlinear perfor-
mance under different loads, the transmission power is set from −5 
dBm to 10 dBm, and the parameters are shown in Table II.

The signal is generated using a custom function developed in 
MATLAB, which completes bit sequence generation, encoding, and 
nonlinear precompensation before importing it into OptiSystem for 
transmission simulation. In order to improve spectral efficiency, both 
PM-QPSK and PM-16QAM use pulse shaping filters with roll-off coef-
ficient α = 0.1. At the same time, FEC technology is introduced, using 
RS codes and LDPC codes respectively to improve the system’s noise 
resistance performance.

The overall signal configuration closely follows the current industry 
development status. For example, in 2023, PM-QPSK accounts for 
85% of the 100G system, while PM-16QAM has exceeded 30% in 
newly built high-speed links, ensuring the actual representativeness 
of simulation scenarios.

TABLE I.  FIBER PARAMETER SETTINGS USED IN SIMULATION

Optical Fiber 
Type

Dispersion Coefficient 
(ps/(nm·km))

Dispersion Slope 
(ps/(nm2·km))

Effective Area 
(μm2)

Nonlinearity Coefficient 
(W−1·km−1)

Attenuation 
Coefficient (dB/km)

SSMF 17 0.056 80 1.3 0.2

NZDSF 5 0.045 55 2.0 0.22

LEAF 20 0.06 120 0.7 0.19

TABLE II.  COMMUNICATION SIGNAL PARAMETER SETTINGS USED IN SIMULATION

Modulation Type Bit Rate (Gbps) Symbol Rate (GBaud) Transmission Power Range (dBm) Pulse Shaping Encoding Method

NRZ-DPSK 10 10 −5 to 10 Ascending cosine (α = 0.2) RS (255, 239)

PM-QPSK 100 28 −5 to 10 Root Raised Cosine (α = 0.1) LDPC (R = 0.8)

PM-16QAM 200 28 −5 to 10 Root Raised Cosine (α = 0.1) LDPC (R = 0.75)
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B. Single Link Transmission Performance Test
There are four types of testing schemes: no compensation, linear 
compensation, traditional nonlinear compensation, and the non-
linear precompensation method proposed by the author. The test 
is conducted under different transmission distances (100–1000 km) 
and transmission power (−6 to 6 dBm). The evaluation indicators 
include BER, SNR, Q factor, power margin, and maximum effective 
transmission distance.

The test results, summarized in Table III, demonstrate the superior-
ity of the proposed method. At a transmission distance of 600 km, 
it significantly outperforms the other schemes, with a BER reduced 

to 2.3 × 10-5, a Q factor increased to 15.9 dB, and a power mar-
gin of 8.9 dB. Compared with traditional nonlinear compensation 
methods, the performance improvement is particularly significant, 
especially in high-power regions with stronger nonlinear suppres-
sion ability.

Further analysis shows that the maximum effective transmission dis-
tance of this method can reach 990 km under the condition of satisfy-
ing the FEC threshold (BER ≤3.8 × 10−3), which is 219.4% higher than 
the uncompensated scheme and 30.3% higher than the traditional 
nonlinear compensation scheme, as shown in Table IV and Table V.

In summary, the method proposed by the author not only signifi-
cantly reduces the BER at relay distances (400–600 km), but also 
effectively expands the applicable range of system power.

C. Performance Comparison of Multi Node Network Structures
On the basis of completing single link testing, three typical multi-
node power communication network topologies were constructed 
to further verify the practicality of nonlinear optimization methods 
in complex structures: ring topology (8 nodes, 100 km spacing), 
star topology (1 center + 7 branches, 150 km), and grid topology 
(4 × 4 structure, 80 km), representing typical structures of provin-
cial backbone networks, regional distribution networks, and wide 
area dispatch systems, respectively. The simulation is based on 
the joint implementation of NS-3 and OptiSystem, and the equip-
ment parameters refer to the “Ubiquitous Power Internet of Things 
Communication Technology Specification” of the State Grid. Four 

TABLE III.  PERFORMANCE COMPARISON OF DIFFERENT COMPENSATION 
SCHEMES AT A TRANSMISSION DISTANCE OF 600 KM (TRANSMISSION 
POWER 0 DBM)

Compensation 
Scheme

Bit Error 
Rate (BER)

Signal-to-Noise 
Ratio (SNR) 

(dB)
Q Factor 

(dB)

Power 
Margin 

(dB)

No compensation 2.8 × 10−2 11.4 7.2 2.1

Linear compensation 5.2 × 10−3 15.6 10.8 4.5

Traditional nonlinear 
compensation

9.1 × 10−4 19.3 13.2 6.8

Author’s method 2.3 × 10−5 22.7 15.9 8.9

TABLE IV.  COMPARISON OF MAXIMUM EFFECTIVE TRANSMISSION DISTANCE FOR DIFFERENT COMPENSATION SCHEMES (FEC THRESHOLD BER ION SCHEME-3)

Compensation Scheme
Maximum Effective 

Transmission Distance (km)
Relative to the Uncompensated 

Increase Ratio
Relative to the Improvement Ratio of 
Traditional Nonlinear Compensation

No compensation 310 – –

Linear compensation 580 87.1% –

Traditional nonlinear compensation 760 145.2% –

Author’s method 990 219.4% 30.3%

TABLE V.  SUMMARY OF KEY SIMULATION PARAMETERS

Parameter Category Value/Description

Simulation platforms MATLAB R2022b, OptiSystem 19.0, NS-3

Fiber types SSMF, NZDSF, LEAF (See Table 1 for specs)

Modulation formats NRZ-DPSK (10 Gbps), PM-QPSK (100 Gbps), PM-16QAM (200 Gbps)

Pulse shaping RRC filter (Roll-off factor α = 0.1 for PM-QPSK/16QAM)

FEC RS (255 239) for NRZ-DPSK; LDPC (R = 0.8/0.75) for PM-QPSK/16QAM

Transmission power range −5 dBm to +10 dBm

Link length range 50 km to 1000 km

Nonlinear compensation Proposed Volterra-series NLE + Pre-distortion

Amplifier model EDFA, gain optimized jointly with modulation format

Topologies tested Ring (8 nodes, 100km span), Star (1 + 7 nodes, 150 km span), Grid (4 × 4, 80 km span)
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types of test scenarios were set up, including steady-state flow, burst 
flow, link failure, and end-to-end delay, in order to compare the net-
work performance of traditional linear optimization, conventional 
nonlinear compensation, and this method. The evaluation indicators 
include network throughput, latency, packet loss rate, resource utili-
zation, and recovery time.

As shown in Fig. 5, in the ring structure, the network throughput 
increased from 3.2 Tbps using the linear method to 4.5 Tbps (an 
increase of 40.6%), and the resource utilization rate increased from 
58.3% to 79.8%. In the star structure, the throughput increased from 
2.8 Tbps to 4.1 Tbps (an increase of 46.4%). In the grid structure, 

the throughput increased from 4.1 Tbps to 5.6 Tbps (an increase 
of 36.6%), the latency decreased to 9.5 ms, and the resource uti-
lization rate reached 82.3%. In the sudden traffic test, the packet 
loss rate of the method was 1.7%, significantly lower than linear 
optimization (5.3%) and conventional nonlinear methods (3.8%); 
link failure testing shows that its recovery time is reduced by about 
35% compared to traditional methods, demonstrating higher net-
work resilience.

Based on the backbone link congestion and an average annual traf-
fic growth trend of 22% mentioned in the State Grid report, the cur-
rent linear optimization scheme is approaching its upper limit. This 

Fig. 5.  Comparison of network performance under different topology structures.

Fig. 6.  Bit error rate comparison before and after optimization under different transmission distances (transmission power is fixed at 0 dBm).
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Fig. 7.  Comparison of bit error rates before and after optimization under different transmission powers (with a fixed transmission distance of 300 km).

Fig. 8.  Comparison of bit error rates before and after optimization under different modulation formats (transmission distance 300 km, power 0 dBm).

Fig. 9.  Comparison results of various optimization algorithms.
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method fully considers nonlinear effects and has significant advan-
tages in improving network capacity, efficiency, and stability.

D. Comparison of Bit Error Rate Before and After Optimization
In order to verify the effectiveness of the nonlinear precompensation 
optimization method proposed by the author, simulation experi-
ments covering multiple transmission distances, transmission pow-
ers, and modulation formats were designed.

As shown in Fig. 6, in a standard G.652 fiber (dispersion 17 ps/nm 
km, nonlinearity coefficient 1.3W−1· km−1), a 100 Gbps 16-QAM signal 
was used for transmission, and the changes in BER before and after 
optimization were simulated and compared. The chart results show 
that in 500 km long-distance transmission, the unoptimized system 
BER reaches as high as 2.5 × 10−2, exceeding the FEC threshold, while 
after optimization it drops to 9.3 × 10−4, still meeting the transmis-
sion requirements. Especially in common links between 200 km and 
300 km, the average BER has improved by over 100 times.

At the same time, with a fixed transmission distance of 300 km, the 
BER changes were tested at different powers. The results showed 
that the optimization method showed the most significant improve-
ment in the medium to high-power range (0–5 dBm), with a maxi-
mum increase of 233 times (see Fig. 7), verifying its adaptability to 
strongly nonlinear environments.

For the modulation upgrade requirements of modern communica-
tion systems, the author compared the optimization effects of QPSK, 
16-QAM, 32-QAM, and 64-QAM (see Fig. 8). The results showed that 
the optimization method improved high-order modulation formats 
more significantly, reducing the 64-QAM BER from 2.6 × 10−2 to 1.5 
× 10−4, an increase of over 170 times, indicating that the method has 
the ability to support higher spectral efficiency systems.

E. Comparison of Various Optimization Algorithms
In order to evaluate the performance of different optimization algo-
rithms in nonlinear effect control of power communication trans-
mission networks, the author conducted a unified comparative 
experiment on ACO, GA, and RL.

The results in Fig. 9 indicate that in terms of convergence perfor-
mance, RL performs the best with the minimum average number of 
iterations (58) and the shortest convergence time (24.94 seconds), 
far superior to GA and ACO. In terms of BER optimization, RL exhib-
its optimal performance at all transmission distances, with a BER 
reduction of 9.3 × 10−4 at 500 km, which is two orders of magnitude 
lower than unoptimized and significantly better than GA and ACO. 
In terms of system capacity improvement, RL increased the total 
capacity of the DWDM system to 2.87 Tbps under 300 km conditions, 
which is about 7% higher than ACO. Although RL has a high CPU 
utilization rate (78%) and power consumption in terms of resource 
consumption, its optimization effect is the best, while ACO has the 
smallest resource occupation and is more suitable for resource-con-
strained environments. Faced with dynamic interference scenarios 
such as channel characteristic fluctuations, RL exhibits the stron-
gest robustness and adaptability, with a BER increase of only 53% 
under extreme fluctuations, far lower than ACO’s 165%. Overall, RL 
has significant advantages in accuracy, stability, and adaptability to 
dynamic environments, making it suitable for complex and highly 
reliable scenarios; ACO is suitable for lightweight occasions; GA has 
balanced performance in multiple aspects.

IV. CONCLUSION

The author has designed and implemented a systematic optimi-
zation method system to address the widespread nonlinear prob-
lems in the power communication transmission network. In single 
link simulation, the proposed nonlinear precompensation method 
reduces the BER from 2.8 × 10−2 to 2.3 × 10−5 under 600 km condi-
tions, and increases the power margin to 8.9 dB, which is significantly 
better than traditional nonlinear compensation. Its maximum effec-
tive transmission distance can reach 990 km, an increase of 219.4% 
compared to uncompensated solutions and 30.3% compared to tra-
ditional solutions. In network level testing, the simulation results of 
the constructed multi-topology structure showed that the through-
put of the ring network increased from 3.2 Tbps to 4.5 Tbps (+40.6%), 
and the star network increased from 2.8 Tbps to 4.1 Tbps (+46.4%), 
with a maximum resource utilization rate of 82.3%. In sudden traf-
fic scenarios, the packet loss rate is controlled within 1.7% and the 
recovery time is reduced by 35%, indicating that the optimization 
strategy has excellent robustness and adaptability.

In addition, in the comparison of BERs, the optimized scheme per-
forms the best under high power and high-order modulation, with 
the BER decreasing from 2.6 × 10−2 to 1.5 × 10−4 under 64-QAM, an 
increase of 173 times. In terms of algorithm selection, RL performs 
the best in error suppression, system capacity (up to 2.87 Tbps at 300 
km), and dynamic adaptability. Although its resource consumption 
is slightly higher (CPU usage of 78%, power consumption of 105 W), 
it still has significant advantages in high-performance applications. 
In summary, this work moves beyond traditional linear assump-
tions and isolated optimization approaches prevalent in prior art. 
By proposing and validating an integrated cross-layer strategy that 
synergizes physical layer nonlinear modeling, system-level param-
eter matching, and intelligent RL-based scheduling, it demonstrates 
significant performance gains. This method achieves a good balance 
between theoretical accuracy and engineering practicality.

Limitations and Future Work: Despite the promising results, this 
study has certain limitations. The simulation, while comprehensive, 
primarily relies on co-simulation platforms (MATLAB/OptiSystem/
NS-3) and may not capture all intricacies of real-world, large-scale 
deployed power communication infrastructure. The computa-
tional complexity of the joint optimization framework, particularly 
the RL-based scheduler and Volterra equalizer, might be challeng-
ing for resource-constrained edge communication nodes within 
the power grid. Future research will focus on several directions: 1) 
Implementing and validating the proposed framework on a physi-
cal testbed to assess its performance under real-world conditions 
and practical impairments. 2) Developing low-complexity approxi-
mations or simplified models for the nonlinear compensator and RL 
agent to reduce computational overhead for wider deployment. 3) 
Extending the optimization framework to incorporate cybersecurity 
considerations alongside physical layer performance, enhancing 
the resilience of power communication against malicious attacks. 
4) Exploring the application of more advanced machine learning 
architectures, such as graph neural networks, for optimizing network 
topologies inherently considering nonlinear impairments.
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